This paper presents robust observers for active roll control. Generally, active roll control adopts feedback control structure with roll angle and roll rate signals which should be measured with a sensor. For active roll control, it is necessary to estimate the roll angle with roll rate measurement using an observer because the roll angle is difficult to measure, compared to the roll rate. However, an observer designed with fixed parameters can give poor estimation performance since there are large uncertainty in parameters of real vehicles. A robust observer is designed to cope with the parameter uncertainty. In this paper, a dual Kalman filter and Kalman filter with constant velocity model are adopted as a robust observer. The performance of the proposed algorithm has been investigated via computer simulations and vehicle tests.
Two major factors generating the vehicle roll motion are the lateral acceleration and the road profile. Generally, road profile and lateral acceleration, as a disturbance, can generate the vehicle roll motion with the frequency below and over 1Hz, respectively. Active roll control (ARC) is developed to control the vehicle roll motion against these disturbances. There are two objectives in ARC. The first is to reduce the roll angle and the roll rate for ride comfort, and the second is to reduce the suspension stroke and tire deflection to prevent The associate editor coordinating the review of this manuscript and approving it for publication was Shihong Ding . vehicle rollover. These objectives can be represented as a disturbance attenuation problem [1] . Active suspension, semiactive suspension and active anti-roll bar (AARB) have been used as an actuator for ARC [2] . An active suspension can control the vertical, roll and pitch motion of sprung mas of a vehicle. On the other hand, an AARB can control only the roll motion of a vehicle. In this paper, an AARB is adopted as an actuator for ARC.
There have been several researches for ARC [3] [4] [5] [6] [7] [8] . These include the discrete-time LQR [3] , [4] , the PD control [5] , LQG-LTR control [6] , H ∞ control [3] , [4] , [7] , [9] , and sliding mode control [3] , [4] , [8] , [10] , etc. Most of active roll controllers in these researches have adopted feedback control structure with measured signals of roll angle and roll rate. In real vehicles, it is too difficult to measure the roll angle with a sensor, and a roll angle sensor is so expensive. Compared to the roll angle, it is relatively easy to measure the roll rate with commercial gyro sensors. Up to date, several roll rate sensors have been commercialized at a reasonable price [11] [12] [13] . For the reason, a Kalman filter (KF), as a state observer, has been adopted to estimate the roll angle using measured roll rate signal for feedback control [4] , [6] , [11] . This is called an observer-based controller or output feedback controller. The schematic diagram of observer-based active roll controller is shown in Fig. 1 . In this paper, the roll angle is estimated using a KF with roll rate measurement.
In real vehicles, vehicle parameters are uncertain and vary over time. In view of ARC, there are parameter uncertainties in the roll damping, the roll stiffness, the moment of inertia and the height of C.G. Moreover, there are nonlinearities in roll dynamics of vehicles. To estimate states under parameter uncertainties and nonlinearities, it is necessary to design an observer robust against the parameter uncertainty and nonlinearity. For the purpose, there have been two schemes: robust and parameter estimation.
In case of robust estimation scheme, an observer is designed with robust control methodology with normbounded uncertainty model so as to be robust against the parameter variation [9] , [14] . Another method for robust estimation scheme is to include the nonlinear and timevarying effects in the dynamic model. In the previous work, the vehicle speed was considered as a time-varying term for ARC [7] . Recently, a nonlinear observer with neural networks and H ∞ filtering have been proposed for roll angle estimation [15] , [16] . To incorporate the nonlinear effect of vehicle dynamics, Takagi-Sugeno(T-S) fuzzy model was adopted to design an observer when estimating the roll angle and the roll rate [17] [18] [19] . This scheme has been known to be effective in coping with parameter variations. However, the design procedure is complicated.
In case of parameter estimation scheme, time-varying or uncertain parameters are estimated by parameter adaptation methods such as least-mean-square (LMS) and recursiveleast-square (RLS) algorithms [20] [21] [22] [23] . For roll angle estimation, RLS was used to estimate the height of center of gravity [20] . Roll dynamics was identified with RLS for sliding mode state observer [21] . Compared to robust estimation schemes, this is simple to design and easy to implement. So, this paper adopts parameter estimation scheme, especially, RLS. RLS can be represented with KF. With the idea, a dual extended KF have been adopted for simultaneous estimation of state and parameter in vehicle control [24] , [25] . Following the idea of parameter estimation with KF, the dual KF is adopted as a robust observer when estimating states and parameters simultaneously for ARC. The schematic diagram of observer-based active roll controller with state and parameter estimators is shown in Fig. 2 . Most of Kalman filters that have been adopted as a state estimator use a system model. This is called a model-based observer. In case of a model-based observer, there are more likely to be give poor estimation performance if there are uncertainties in model parameters. So, an observer can be robust against parameter uncertainty if it is independent of system parameters. Typical example of the parameter independent KF is a KF with constant velocity model (KFCVM) [26] [27] [28] . KFCVM can be used as a state estimator and noise filter. If a roll rate signal is fed into KFCVM, the filtered roll rate and the estimated roll angle are obtained from it. In this paper, KFCVM is adopted as a robust observer.
In this paper, the observer-based controller is designed. Three feedback controllers, i.e., discrete-time LQR, H ∞ and sliding mode controller(SMC), are adopted as an active roll controller. Second, two KFs, i.e., dual KF and KFCVM are designed as a robust observer. The contribution of this paper is to validate the robustness of three KFs, i.e., KF with fixed parameters (KFFP), dual KF and KFCVM, against parameter uncertainties and nonlinearities through simulation on a vehicle simulation software, CarSim, and experiments on a real vehicle. For the purpose, the simulation and experiment are done on observer-based controllers, which combine three active roll controllers and three KFs with a large number of sets of model parameters randomly generated from given ranges.
This paper consists of the following parts. Three active roll controllers are designed with a 1-DOF roll model in section 2. In section 3, discrete-time Kalman filter, dual KF, and KFCVM are designed. In section 4, the designed robust observers are validated via simulation on CarSim and by experiment on a test vehicle. Finally, conclusions are provided in Section 5.
II. DESIGN OF ACTIVE ROLL CONTROLLERS A. VEHICLE MODEL AND DISCRETE-TIME STATE-SPACE EQUATION
In this paper, a 1-DOF linear model is used in designing active roll controllers and KFs [3] , [10] . Fig. 3 shows the 1-DOF roll model. From the model, the equation of the motion is derived as (1). In the model, the control input and the disturbance are the control roll moment M φ and the lateral acceleration a y , respectively. C φ and K φ are the roll damping coefficient and the roll stiffness, respectively. Using the state vector (2), the continuous-time state-space equation is derived as (3) . With the sampling time of T s , the discrete-time state-space equation is obtained as (4) by discretizing (3) [3] , [4] .
B. CONTROLLER DESIGN FOR ARC
Based on the linear model (4), three active roll controllersdiscrete-time LQR, H ∞ and sliding mode controllers-were designed following the previous work [3] , [4] . In the observer-based active roll controller, these controllers are used for ARC, as shown in Fig. 2 . Generally, an active roll controller consists of two parts: feedback and feedforward ones. In this paper, only feedback is adopted for ARC. The stability of these controllers is guaranteed through design methodology of LQR, H ∞ and sliding mode controllers, as given in the previous work [3] . The feedback controller uses the state (2) . So, the roll angle and the roll rate should be measured. However, it is hard to measure the roll angle. So, a state observer or Kalman filter is designed to estimate the roll angle with roll rate measurement.
III. DESIGN OF ROBUST OBSERVERS A. KALMAN FILTER
The system and output equations of a discrete-time state-space model driven by white noises are given in (5) . In (5) , M(k) and N(k) are the covariance matrices of the system and sensor noises, µ(k) and η(k), respectively. The equations of Kalman filter are given in (6) and (7), which represent the time-and measurement-updates, respectively [29] . For Kalman filter design, the system matrices F, G and H, and the covariance matrices of system and measurement noises, M and N, should be determined.
B
. KALMAN FILTER FOR STATE ESTIMATION
For state estimation with KF, the matrices in (5) should be set as given in (9) with the state definition (8) from the discretetime state-space model (4) . The sensor output used for state estimation is the roll rate. So, the output matrix C is set as (9) .
The continuous-time observability of [A,C] from (3) and (9) can be checked with the rank of observability matrix. With [A,C], the observability matrix M O is calculated as (10) . The necessary condition for observability is that the rank of M O should be 2. This is always guaranteed if K φ and C φ are positive, as shown in (10) . Therefore, the observer-based control system is globally stable with LQR, H ∞ , sliding mode controllers and a KF in terms of the separation principle.
C. KALMAN FILTER FOR PARAMETER ESTIMATION
Besides KF for state estimation, it can be used for parameter estimation. In RLS, the definitions on output and error are given from (11) and (12) . In (11) , φ(k) and θ(k) are the vectors of measurements and the unknown parameters to be estimated at time instant k, respectively. RLS as a parameter estimator has been combined with KF as a state estimator [20] [21] [22] [23] . RLS can be represented by KF [24] , [25] . Following the previous works, a KF, which is equivalent to RLS, is used as a parameter estimator in this paper.
The discrete-time state-space model equations driven by white noise processes µ 2 (k) and η 2 (k) is given in (13) . The output equation (11) can be converted into (13) . In (13), x p (k) the vector of parameters to be estimated, and φ T (k) is the output vector as defined from (14) to (17) . As shown from (14) to (17) , the parameters to be estimated should be selected. The gain calculation, the parameter update, and the covariance matrix update of RLS are identical to those of KF [24] , [25] . In order to estimate the parameters, K φ , C φ , I xx and h s , the matrices in (5) should be set as given in (18) .
D. DUAL KALMAN FILTER FOR STATE AND PARAMETER ESTIMATION
By combining two Kalman filters, as given in (9) and (18), the state, i.e., the roll angle, and the parameters are estimated simultaneously. This is called a dual KF [24] , [25] . Fig. 2 shows the overall structure of observer-based active roll controller with a dual KF. Fig. 4 shows the block diagram of the dual KF, which enlarges the dual KF in Fig. 2 . In Fig. 4 , x s is the vector of estimated states as given in (8), andx p is the vector of estimated parameters as given in (14) . As shown in Fig. 4 , the output of the time update of the state estimator is fed into the measurement update of the parameter estimator, and the output of the time update of the parameter estimator is fed into that of state estimator. By virtue of the parameter estimator, the dual KF can be robust against parameter uncertainties. The values of parameters in the parameter estimators from (14) to (17) are bounded between upper and lower limits. For example, the parameters in (17) are always positive. With these limits and (10), the observer-based control system with LQR, H ∞ , sliding mode controllers and dual KF is guaranteed to be globally stable.
E. KALMAN FILTER WITH CONSTANT VELOCITY MODEL
In this paper, Kalman filter with constant velocity model (KFCVM) is adopted as a state observer. Eq. (19) shows the simple kinematic relationship between the roll angle and the roll rate obtained by neglecting the pitch and yaw motions. With the state vector definition (20) , the constant velocity model for roll motion is given as (21) with the state-space form in the continuous-time domain. As shown in (21) , the sensor output is the roll rate. In (21) , µ 3 (k) and η 3 (k) are the vectors of the system and measurement noise processes, respectively. The discrete-time state-space equation (22) is obtained by discretizing (21) with the sampling time of T s . The covariance matrices of the system and measurement noise processes are given in (23) . For state estimation, the matrices in (5) should be set as given in (24) from the discrete-time state-space equation (22) . As given in (23) , the tuning parameters of KFCVM are the variances σ 2 q and σ 2 r of the system and measurement noise processes, respectively.
As shown in the output equation of (22), the measurement is the roll rate. So, the roll angle can be estimated with the KF (24) from the roll rate measurement. In case of this, KFCVM is a simple integration method used to estimate the roll angle from roll rate measurement. If the output matrix in (22) is set as C = [1 0] and the sensor output is the roll rate, then the roll angular acceleration can be obtained from KFCVM. In case of this, KFCVM is a simple differentiation method used to estimate the roll angular acceleration from roll rate measurement. When using (15) and (17), the roll angular acceleration is estimated by KFCVM with roll rate measurement. This is the idea of the previous work [28] . By virtue of the simple integration on the roll rate signal, the KFCVM is independent of the parameters of the roll model (3) . So, KFCVM is expected to be robust against parameter uncertainties.
KFCVM has two functions: state estimation and noise filtering [26] , [27] . In the previous work, KFCVM was used as a noise filter [4] . In this paper, KFCVM is used for noise filtering on measured roll rate and lateral acceleration.
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IV. SIMULATION AND EXPERIMENT
In this section, the observer-based active roll control system with three controllers and the designed KFs is validated through simulation on the vehicle simulation software, CarSim, and experiment on a test vehicle. The structure of the observer-based active roll control system is given in Fig. 2 .
A. SIMULATION ON CARSIM
In this subsection, the estimation performance of KFs under parameter uncertainties is evaluated through simulation conducted on CarSim. As given in the Section II, LQR, H ∞ control and SMC have been designed in the observer-based active roll control system. The weights in LQ objective function and the sliding surface were set as given in the previous work [3] . The covariance matrices of system and measurement noises for KFs are given in Table 1 . The sampling times of the measurement and the controllers were set to 10ms. The observer-based active roll control system was implemented on MATLAB/Simulink. The driving scenario for simulation was a closed-loop steering on the moose test track with the driver model given in CarSim [3] , [4] , [10] . Fig. 5 shows the moose test track used for simulation [30] . The initial vehicle speed was set to be 80km/h, and the tire-road friction was set to be 0.6. For generation of control roll moment, AARB was adopted as an actuator. AARB was modeled as the first-order system with the time constant of 0.05. For a lateral stability under ARC, the unified chassis control with ESC and AFS has keep activated [30] . The AARB was implemented to be an actuator for ARC. The parameters to be estimated are the roll stiffness and the roll damping, as shown in (14) . To validate the estimation performance of the designed KFs, the sets of parameters of the 1-DOF roll model were randomly generated from the following ranges: 200 ≤ I xx ≤ 2, 000, 700 ≤ m s ≤ 2, 000, 0.2 ≤ h s ≤ 1.2, 1, 000 ≤ C φ ≤ 20, 000, 2, 000 ≤ K φ ≤ 150, 000. For a realistic simulation, a band-limited white noise was added to the roll rate signal from CarSim. This reflects the fact that the measured roll rate signal from cheap sensors are noisy. The noisy roll rate signals can generate the fluctuation in the control roll moment although it is filtered from KFs. The KFCVM was applied to the roll rate signal for noise filtering and to obtain the roll angular acceleration. 6 and 7 show the estimation results of three KFs without and with filtering on the roll rate, respectively. These results were obtained with a single set of randomly generated parameters, selected among 100 sets. In order to obtain the simulation results, LQR was used as an active roll controller, and the dual KF was used as state and parameter estimators. In Figs. 6 and 7 , the legend KFFP represents the Kalman filter with fixed parameters. As shown in Figs. 6 and 7 , the dual KF and KFCVM have almost identical performance in estimating the roll angle. However, KFFP shows worse performance compared to the dual KF and KFCVM. This is due to the fact that the differences between the fixed and estimated parameters of KFFP and dual KF are large, as shown in Fig. 6-(c) , -(d), Fig. 7-(c) and -(d) . In Fig. 6-(c) and -(d) , the differences between the fixed and estimated values of the roll stiffness and the roll damping are about 80,000 and 3,000, respectively.
To investigate the robustness of three KFs, simulation was conducted with 100 sets of randomly generated parameters of 1-DOF roll model. The estimated parameters in the model are the roll stiffness and the roll damping, as given in (14) . Figs. 8 and 9 shows the histograms of the maximum absolute and the root mean square(RMS) values of the roll angle errors in the case of with and without filtering on the roll rate for three active roll controllers and three KFs, respectively. As shown in Figs. 8 and 9 , the dual KF is more robust than KFFP for all active roll controllers regardless of the noise filtering on the roll rate. As expected, KFCVM is the most robust observer among KFs because it is independent of the model parameters, i.e., the roll stiffness and the roll damping. Figs. 8 and 9 show the effects of noise filtering of KFCVM. In the case of KFFP, the noise filtering on the roll rate gave larger variance than no filtering case in terms of the maximum absolute errors. This is caused by the time delay in filtering with KFCVM. The maximum absolute errors of dual KF and KFCVM were also increased due to the time delay. H ∞ control and SMC show larger variance than LQR because the high gain of them amplifies roll angle errors. On the other hand, the noise filtering has slight effect on the estimation performance for dual KF and KFCVM due to the parameter estimation of dual KF and the parameter independency of KFCVM. Moreover, the filtering on the roll rate has little effect on the estimation performance of three KFs in terms of the RMS errors.
B. EXPERIMENT ON A REAL VEHICLE
In real experiments, it is hard for one to implement an actuator for ARC because it costs a lot of money and is time-consuming [8] . So, the estimation performance and robustness of the designed KFs, i.e., KFFP, dual KF and KFCVM, without active roll controllers is checked with experiment in this subsection.
Experiment scenario was a double lane change by a real driver. The vehicle used for experiment was a small-sized SUV, as shown in Fig. 10 . The speed of the vehicle in experiment was set to be 60km/h and maintained to be constant. For comparison, the accurate roll angle is measured by RT 3000 and its base station of Oxford Technical Solutions Ltd [31] . The accuracy of roll and pitch angles measured by RT3000 is 0.05 • 1σ . The roll rate and lateral acceleration used for KFs were measured with HG1120 of Honeywell AeroSpace [13] . Three KFs were implemented with MATLAB/Simulink and run on dSpace MicroAutoBox. So, the data from the sensors and the output of KFs were saved using dSpace MicroAutoBox [32] . To check the estimation performance and the robustness of three KFs, the outputs of KFs, i.e., the estimated roll angles, are compared to the accurate one obtained from RT3000. Fig. 11 shows the lateral acceleration and roll rate measured with HG1120 from experiment. As shown in Fig. 11 , the measured lateral acceleration is noisy, compared to the roll rate. The measured roll rate is also noisy. So, it is necessary to apply KFCVM as a filter in order to reduce the fluctuations in the control roll moment. Fig. 12 shows the estimation results of three KFs obtained from experiment. In Fig. 12 , the legend Real means the accurate roll angle measured with RT3000. Similar to the simulation results, the dual KF and KFCVM have nearly identical performance in estimating the roll angle. On the other hand, KFFP shows worse performance compared to dual KF and KFCVM in terms of the roll angle error. As shown in Fig. 11-(c) and -(d), the differences between the fixed and estimated values of the roll stiffness and the roll damping are quite large. As a result, it caused the difference of roll angle error between KFFP and dual KF. Moreover, the estimated values of the roll stiffness and the roll damping are similar to those of simulation. In other words, as shown in Fig. 6-(c) , -(d), Fig. 7-(c) , -(d), Fig. 12-(c) , and -(d), the estimated values of the roll stiffness and the roll damping converged to nearly identical ones, respectively.
To evaluate the parameter estimation performance of dual KF for the parameter sets, (14) , (15) , (16) and (17), simulation was conducted with the experimental data, i.e., the measured lateral acceleration and roll rate from HG1120 as shown in Fig. 11 . Let CASE1, CASE2, CASE3 and CASE4 denote the sets of parameters in (14), (15) , (16) and (17), respectively. For each case, the estimated roll angles of three KFs are compared with accurate one measured with RT3000. Fig. 13 shows the estimation results of dual KF for each set of parameters. As shown in Fig. 13-(a) , there are small differences in roll angle error for each case. In other words, it is enough for on to use the dual KF with the parameter set, (14) , for state and parameter estimation. This means that adaptation mechanism of the parameter estimator or dual KF for the roll stiffness and the roll damping, (14) , can reflect the uncertainties or variations in the roll moment of inertia and the height of center of gravity. It is notable that the estimated values of the roll damping, the roll moment of inertia and the height of center of gravity converged to the corresponding lower limits except the roll stiffness. This means that the roll stiffness is the most important among the model parameters in terms of parameter estimation, and that it is desirable to set the initial values of the parameters as small as possible.
To check the robustness of three KFs, simulation was conducted with experimental data, i.e., the measured lateral acceleration and roll rate from HG1120 as shown in Fig. 11 . Three KFs were run with 300 sets of randomly generated parameters of the 1-DOF roll model. The ranges of the parameters are identical to those in the previous subsection. The roll stiffness and the roll damping, as given in (14), were selected for parameter estimation. KFCMV was used to filter the measured roll rate and lateral acceleration. and experimental data. As shown in Fig. 14, the dual KF is more robust compared to KFFP in terms of the maximum absolute and RMS estimation errors. In other words, the variance of estimation errors of KFFP is larger than that of the dual KF. However, the estimation performance of dual KF in terms of the maximum absolute error is not as notable as the simulation results of the previous subsection. In other words, the maximum absolute errors of dual KF in Fig. 14-(a) was not notably improved, compared to Fig. 8-(a) and Fig. 9-(a) . On the other hand, the RMS values of estimation error of Dual KF got better than those of KFFP, as shown in Fig. 14-(b) . As expected, KFCVM is the most robust observer among three KFs.
As shown in Fig. 14-(a) , the noise filtering on the roll rate and the lateral acceleration deteriorates the estimation performance of three KFs in terms of the maximum absolute error. This is caused by the time delay from the filter, i.e., KFCVM. On the other hand, the noise filtering has little effect on the RMS errors, as shown in Fig. 14-(b) . This is identical to the simulation results of the previous subsection.
V. CONCLUSION
In this paper, the observer-based active roll control system was designed. The dual KF and KFCVM were adopted as a robust observer in order to cope with the parameter uncertainty and nonlinearity in the vehicle model. Notable feature of the dual KF is that it has parameter estimation function against the parameter variation and the nonlinearity. KFCVM was expected to be robust against the parameter uncertainty because it is independent of model parameters. The KF with fixed parameter was used for comparison. To check the performance of observer-based active roll control system, three active roll controllers -LQR, H ∞ and sliding mode controller -and three KFs were designed. The estimation performance and robustness of three KFs were checked through simulation on CarSim and vehicle tests. From the simulation and experiment, it had been shown from both simulations and vehicle tests that the dual KF is more robust than KF with fixed parameters. As expected, KFCVM is quite robust due to the parameter independency of model parameters. Another conclusion is that it is desirable for one to set initial values of parameters for KFs be set as small as possible for good estimation performance.
